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moisture	 dynamics	 varies	 among	 functional	 groups	 and	 aridity	 conditions,	 and	












4.	 Parameters	 of	 the	 nonlinear	mixed‐effects	model	 reflected	 relevant	 ecological	
processes.	From	an	applied	perspective,	the	model	could	forecast	the	time	when	














by	 including	 nonlinear	 regression	 and	 fixed	 and	 random	 effects	
(Lindstrom	&	Bates,	1990).
While	 nonlinear	mixed‐effects	models	 are	 not	 novel	 (Davidian	
&	Giltinan,	2003),	they	still	present	several	challenges	to	ecologists	
without	 formal	 training	 in	 statistics	 (Bolker	 et	 al.,	 2013).	 Some	 of	





(c)	 parameter	 estimation	 has	 no	 analytical	 solution	 and	 iterative	
methods	must	be	applied	(Bates	&	Watts,	2007)	often	leading	to	ad‐
ditional	hurdles	(e.g.,	provide	reasonable	starting	values	and	model	




to	 ecological	 theory	 or	 simply	models	 to	 data	 (Richards,	 2005).	 A	
large	number	of	 ecological	 process	have	nonlinear	 responses,	 and	




predator–prey	 dynamics	 (Kalinkat	 et	 al.,	 2013).	 Ecological	 theory	
predicts	that	per	capita	consumption	rate	of	predators	(y)	varies	with	




as	y = ax/(1	+	abx).	 In	addition,	 it	 is	possible	 to	 reparameterize	 re‐
sponse	 functions	according	 to	ecological	questions	 (Bolker,	2008).	
For	 example,	 in	 the	 type‐II	 functional	 response	 as	 presented,	 the	
parameters	to	estimate	are	a,	a	measure	of	hunting	efficiency	or	suc‐
cessful	search,	and	b,	which	 indicates	 the	time	used	to	kill,	 ingest,	












data	 (e.g.,	 observations	 spatially	 clustered,	 subjects	 measured	
more	 than	 once,	 individuals	 from	 the	 same	 family,	 species	 with	
phylogenetic	 relationships;	 Barnett,	 Koper,	 Dobson,	 Schmiegelow,	
&	 Manseau,	 2010),	 mixed‐effects	 approaches	 allow	 correlations	
within‐group	 observations	 to	 be	 considered	 and	modeling	 of	 het‐
eroscedasticity	(Davidian	&	Giltinan,	2003).	For	example,	we	might	
be	interested	in	studying	regional	fruit	production	and	designing	an	







different	 clustering	 levels	 (West,	Welch,	 &	 Galeki,	 2007).	 Indeed,	
one	 of	 the	 most	 intuitive	 applications	 of	 nonlinear	 mixed‐effects	
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availability	 (Nelson,	 2001).	 Hence,	 in	 Mediterranean‐type	 climate	
regions	(cold	and	humid	winters,	temperate	and	dry	summers),	such	
as	northwestern	Patagonia	 (Kottek,	Grieser,	Beck,	Rudolf,	&	Rubel,	
2006),	 seasonality	 causes	plants	 to	have	 a	 relatively	high	moisture	
during	 spring	 (when	 sprouting	 takes	 place)	 and	 then	 lower	 values	
during	the	autumn	senescence	(Keeley,	Bond,	Bradstock,	Pausas,	&	
Rundel,	 2012).	 Therefore,	 LFMC	 is	 expected	 to	 reach	 a	 maximum	
during	 the	 growing	 season	 and	 steadily	 decrease	 through	 the	 dry	
season	 (when	 fires	 occur),	 until	 it	 stabilizes	 at	 a	 minimum;	 this	 is,	
naturally,	 a	 nonlinear	 response.	 In	 northwestern	Patagonia,	 for	 ex‐








strategies	 (Sala,	Golluscio,	 Lauenroth,	&	Soriano,	1989);	 shrubs	ob‐
tain	water	 from	deeper	 soil	 layers	 (Golluscio	&	Oesterheld,	 2007).	
Furthermore,	 phenological	 water‐use	 strategies	 within	 the	 same	
functional	 group	can	vary	 among	coexisting	 species,	 as	 appears	 to	
occur	 with	 the	 shrubs	Mullinum spinosum	 (Cav.)	 Pers.	 and	 Senecio 
filaginoides	 DC	 (Fernández,	 Nuñez,	 &	 Soriano,	 1992),	 the	 first	 one	
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with	deeper	root	system	(Fernandez	&	Paruelo,	1988),	or	along	arid‐
ity	gradients,	 in	 response	to	changes	 in	water	availability	dynamics	
in	soil	(Golluscio	&	Oesterheld,	2007).	Therefore,	in	this	region,	it	is	




Deshayes,	&	Beudoin,	 1997).	Hence,	 LFMC	data	 obtained	 through	
field	 monitoring	 appear	 suitable	 to	 be	 analyzed	 using	 nonlinear	
mixed‐effects	models.
Although	nonlinear	mixed‐effects	approaches	are	useful	in	many	
areas	 (Davidian	 &	 Giltinan,	 2003),	 including	 ecology	 and	 environ‐
mental	sciences	(Crecente‐Campo,	Tomé,	Soares,	&	Diéguez‐Aranda,	
2010;	Miguez,	Villamil,	Long,	&	Bollero,	2008),	very	few	worked	ex‐
amples	exists	 (Bolker	et	 al.,	 2013).	 In	order	 for	 statistical	methods	
to	be	gradually	applied	by	users,	 these	must	be	demonstrated	and	









a	methodological	 point	 of	 view,	we	 aimed	 to	 (a)	 describe	 a	 “step‐
by‐step”	 statistical	modeling	 process	 and	 (b)	 show	 that,	 compared	
to	other	 linear	 and	more	 classical	 approaches,	 nonlinear	mixed‐ef‐












Field	 data	 were	 gathered	 from	 northwestern	 Patagonia	 (east	 of	
Nahuel	 Huapi	 Lake,	 Río	 Negro,	 Argentina;	 Figure	 2).	 The	 area	 is	
characterized	 by	 a	 semiarid	 climate	 with	 a	 Mediterranean‐type	
TA B L E  1  Some	common	nonlinear	patterns	in	ecology	and	(two	possible)	response	functions	for	describing	them	[for	a	more	complete	
list	of	nonlinear	functions	see	Miguez	et	al.	(2017)]
Pattern Function Ecological context




Power y = axb
Saturating Michaelis–
Menten
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precipitation	regime,	and	annual	precipitation	decreases	in	a	steep	





pallescens	 (St.	 Yves)	 Parodi,	 and	 shrub	 cover	 is	 less	 than	5%.	 The	
eastern	(E)	site,	the	driest,	is	a	shrub–grass	steppe	with	60%	shrub	
cover	where	 communities	 are	 codominated	 by	Papostipa speciosa 











level	 terrain	 to	 avoid	 changes	 in	 LFMC	caused	by	differences	 in	













spinosum and S. filaginoides	are	the	main	
shrub	species




of	 live	biomass	from	the	nearest	 four	 individuals	 to	these	points	
(i.e.,	each	observation	came	from	a	composite	sample,	Figure	2).	







the	same	 functional	 type	and	site	 (M. spinosum	 vs.	S. filaginoides 
in	the	E	site).
We	collected	all	samples	between	12:00	and	16:00	hr	local	time.	
Immediately	 after	 collection,	we	 packed	 the	 samples	 in	 individual	
hermetic	plastic	bags	and	 transported	 them	to	 the	 laboratory	 in	a	
portable	 fridge.	 Once	 in	 the	 laboratory,	 we	 weighed	 the	 samples	
in	 a	 precision	 balance	 (0.01	 g)	 to	 obtain	 their	 fresh	 weight	 (WF).	




According	 to	 weather	 seasonality	 in	 northwestern	 Patagonia,	









where y and t	are,	respectively,	the	response	and	the	predictor	(time)	
variables,	e	is	a	constant	(the	base	of	the	natural	logarithm),	A and w 
are	respectively	the	upper	and	lower	horizontal	asymptotes,	m	is	the	









































F I G U R E  3  Live	fuel	moisture	content	(LFMC)	as	a	function	of	
time	(t).	According	to	a	logistic‐type	response	function	(top),	LFMC	
is	highest	at	the	beginning	of	fire	season	(A)	and	decreases	until	
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The	parameters	defining	the	nonlinear	deterministic	response	




aridity	 conditions.	 Therefore,	 the	 next	 step	was	 to	 include	 “leaf	
type”	as	a	fixed	effect	with	four	levels:	grasses	in	the	W	site	(GW);	
grasses	 in	 the	 E	 site	 (GE);	M. spinosum	 shrub	 in	 the	 E	 site	 (SM);	
S. filaginoides	 shrub	 in	 the	E	site	 (SS).	The	clustering	 imposed	by	
the	sampling	design	(observations	grouped	in	plots)	could	lead	to	
data	with	spatial	correlation	structure,	that	is,	Cor(LFMCi,	LFMCi′)	
≠	 0	 (Aarts,	 Verhage,	Veenvliet,	Dolan,	&	 Sluis,	 2014).	 Thus,	 plot	

















(ϕ	 is	 termed	 as	 intraclass	 correlation,	 and	 estimated	 as	 a	 function	





However,	 because	measurements	 near	 in	 time	 tend	 to	 be	more	
similar	 than	when	 far	apart	 (Davidian	&	Giltinan,	2003),	 correlations	
usually	 arise	 in	 time	 series	 violating	 the	 independence	 assumption	
(Lindstrom	 &	 Bates,	 1990).	 Such	 temporal	 dependence	 can	 be	 ad‐
dressed	from	a	mixed‐effects	modeling	framework	(Zuur	et	al.,	2009).	












are called R‐side effects),	in	contrast	to	that	induced	by	grouping	(called	




























&	Giltinan,	2003);	 ecological	 variables	 are	often	heteroscedastic	
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2013).	We	used	variance	functions	(components	of	a	model	with	






























Specifically,	we	 used	 varIdent	 as	 variance	 function	 (Pinheiro	&	
Bates,	 2000).	 In	 a	 varIdent	 function,	 the	 groups	 of	 a	 stratification	
variable	(e.g.,	leaf	types)	are	allowed	to	have	different	variance:





earity	 (through	 the	 logistic‐type	 response	 function),	 homogeneity	




























Equation	9	 refers	 to	 the	more	complex	or	global	model,	which	
includes	variance	modeling,	temporal	correlation,	and	fixed‐effects	
(leaf	 type)	 and	 random	 effects	 (plot)	 on	 all	 parameters	 of	 the	 re‐
sponse	function.	Nevertheless,	not	all	of	these	components	neces‐
sarily	need	to	be	in	the	model.	 If	any	of	them	is	not	important	but	
included	 (the	 predictive	 capacity	 is	 not	 increased),	 the	model	will	
be	 overparameterized	 (Aho,	 Dewayne,	 &	 Peterson,	 2014),	 which	








































































parameters log‐Likelihood AIC ∆AIC
Nonlinear	mixed‐effects	
(M1)
15 −950.8 1,931.7 –
Linear	mixed‐effects	
(M3)
15 −984.2 19,998.5 66.8
Nonlinear	fixed‐effects	
(M2)
27 −1,015.6 2,085.2 153.6
Classical	regression	(M4) 25 −1,030.5 2,111.0 179.3
Null	(M5) 2 −1,423.9 2,851.7 920.1
Note: AIC	is	a	goodness	of	fit	measure	(likelihood	or	log‐likelihood)	that	penalizes	for	complexity	
(number	of	parameters).

























assessing	whether	 the	data	 fit	 obtained	 from	 the	model	 introduced	
in	Equation	4	were	improved	by	that	from	Equations	6	and	9.	Lastly,	
we	modeled	the	fixed	effects	examining	what	parameters	of	the	re‐







We	 fitted	 four	 alternative	 models,	 which	 were	 compared	 to	 the	
nonlinear	mixed‐effects	model.	 The	 first	 one	was	 a	 (logistic‐type)	
nonlinear	 fixed‐effects	 model.	 In	 this	 case,	 time,	 leaf	 type,	 and	
plot	are	 treated	as	 fixed	effects,	 and	normality	and	 independence	
among	data	are	assumed	 (M2).	The	second	alternative	 (M3)	was	a	
linear	mixed‐effects	model	with	 time	 and	 leaf	 type	 (and	 its	 inter‐
action)	as	fixed	effects	and	plot	as	random	effect	 (spatial	nesting).	
This	 model	 included	 an	 ARMA	 temporal	 structure	 and	 the	 same	
variance	 function	 as	 the	 one	 used	 in	 the	 nonlinear	mixed‐effects	
model.	The	 third	alternative	model	 (M4)	was	a	classical	 regression	
(i.e.,	assuming	that	 the	relation	with	time	 is	 linear,	 residuals	 follow	









share	 the	 random	 structure	 (mixed‐effects)	 and	 differ	 in	 the	 type	
of	temporal	relationship	assumed	(nonlinear	vs.	linear),	similarly,	M2	
and	M4	share	the	random	structure	and	differ	in	temporal	relation‐
ship	 assumptions.	Before	 comparison,	 each	 alternative	model	was	
fitted	 according	 to	 parsimony,	 just	 as	 the	 nonlinear	mixed‐effects	
model	(M1).
Model	comparison	was	carried	out	under	a	multimodel	inference	
framework	 (Burnham	 &	 Anderson,	 2002)	 using	 the	 AIC	 (Burnham,	
Anderson,	 &	 Huyvaert,	 2011).	 This	 inference	 framework	 is	 espe‐
cially	 suitable	 for	 selecting	 among	 non‐nested	 models	 (Burnham	 &	












beyond	the	 information	criteria	chosen	to	select	models	 (for	 further	
discussions,	 see	Aho	 et	 al.,	 2014;	Murtaugh,	 2009;	 Richards,	 2005;	
Spiegelhalter,	Best,	Carlin,	&	Linde,	2014;	Yang,	2005).
The	models	were	fitted	using	the	nlme(),	lme(),	and	gls()	func‐




were	visually	assessed	 (residuals	vs.	 fitted	values	plot,	 residuals	
vs.	predictors	plot,	and	normal	Q‐Q	plot)	for	checking	the	mod‐
els'	 assumptions.	 The	 analysis	 is	 available	 in	 the	Supplementary	
Material.
3  | RESULTS AND DISCUSSION
3.1 | Model comparison
We	found	stronger	support	(lower	AIC)	for	the	nonlinear	mixed‐ef‐
fects	 model	 with	 these	 datasets	 (M1,	 Table	 2).	 Both	 the	 residual	
analysis	and	the	visual	analysis	of	the	fitted	curves	confirm	a	tem‐
poral	pattern	of	LFMC	during	the	fire	season	to	be	well‐described	
by	a	declining	 logistic‐type	function.	 Indeed,	 the	 (nonlinear)	deter‐
ministic	component	of	this	model	was	enough	to	capture	all	the	tem‐
poral	changes	suggesting	it	is	not	necessary	to	include	the	temporal	
correlation	 structure.	According	 to	 the	 residual	 pattern	 (Figure	4),	




cal	 regression	 (M4)	was	appropriate	to	model	 temporal	changes	 in	
LFMC	 (the	 residual	 analyses	 show	violation	 to	 the	assumptions	of	
these	models,	see	Figure	4).
10  |     ODDI et al.
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The	 fact	 that	 both	 linear	 and	 nonlinear	 mixed‐effects	 mod‐
els	 were	 suitable	 highlights	 the	 importance	 for	 variables	 such	 as	





patterns.	 In	this	 regard,	 the	 logistic‐type	model	answers	questions	
such	 as	 “what	 is	 the	minimum	moisture	 content	 of	 a	 species	 and	




by	 data	 but	 is	 also	 conceptually	 more	 relevant.	 In	 fact,	 nonlinear	
approaches	allow	statistical	models	based	on	physical,	biological	or	
ecological	ideas	(Jonsson	et	al.,	2014).





with	 leaf	 type	as	a	 fixed	effect.	LFMC	of	both	shrubs	and	grasses	
decreased	from	mid‐spring	to	summer,	tracking	the	temporal	trend	
of	 the	 Mediterranean‐type	 precipitation	 regime.	 The	 same	 over‐
all	sigmoidal	pattern	 is	observed	for	all	of	 the	 leaf	 types,	although	
considerable	 variation	 among	 them	 exists	 (Figure	 5).	 In	 particular,	
our	modeling	effort	suggests	that	leaf	types	differed	in	their	maxi‐
mum	 (A)	 and	minimum	LFMC	 (w)	 (Table	3).	 In	Patagonian	 steppes,	
soil	moisture	increases	with	depth	(Sala	et	al.,	1989)	and	water	from	
deeper	soil	layers	is	available	for	longer	periods	than	shallow	water	




















13%	 to	 48%	 (Table	 3),	 reflecting	 the	 degree	 of	 uncertainty	 in	 the	
true	value	of	the	point	estimate.	While	the	W	site	is	dominated	by	
F. pallescens,	the	dominant	grass	in	the	E	site	is	P. speciosa.	Both	spe‐
cies	have	xerophytic	 foliar	 traits	associated	 to	 resistance	 to	water	
stress	(Latour,	1979),	but	P. speciosa	has	more	convoluted	blades	and	
stomatal	 crypts	with	 higher	 trichome	 density	 (L.	Ghermandi,	 data	
not	published)	and	thus	would	prevent	water	loss	more	efficiently.	
In	 addition,	 in	 arid	 and	 semiarid	 areas,	 shrubs	 act	 as	 thermal	 buf‐
fers,	increasing	water	availability	(Villagra	et	al.,	2011).	Hence,	shrub	
presence	 could	 benefit	 superficial	 soil	 water	 availability	 in	 the	 E	













root	 systems	 (Fernandez	 &	 Paruelo,	 1988),	 their	 LFMC	 dynamics	
appear	similar	(Â	=	295%,	ŵ	=	56%	in	S. filaginoides,	and	 Â	=	278%,	
ŵ	=	61%	in	M. spinosum)	(Figure	5).	Again,	it	is	worthy	to	recognize	
uncertainty	 around	 estimates	 (A2 and A3	 in	 this	 case)	 and,	 hence,	
given	the	confidence	intervals	(Table	3).
In	 contrast	 to	 that	 observed	 in	A and w,	 the	 steepness	 of	 the	





















(i.e.,	 data	 suggested	w	 not	 to	 vary	with	 plot),	 could	 have	 implica‐
tions	for	the	behavior	of	fires	occurring	at	different	times	along	the	
fire	 season.	Fires	occurring	at	 the	beginning	of	 the	season	 (higher	
LFMC	 variability)	 should	 be	 more	 heterogeneous	 and	 less	 severe	
than	at	the	end,	when	LFMC	is	lower	and	its	spatial	pattern	is	 less	
variable.	Nonetheless,	because	vegetation	water	status	responds	to	
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covered	 only	 one	 fire	 season,	 the	 proposed	 model	 allows	 adding	
precipitation	 (or	other	 climatic	 variable)	 as	 a	 fixed	effect	 (A,	w,	m, 
s = f[precedent	precipitation])	or	via	a	random	effect	(incorporating	
year	(k)	as	an	additional	hierarchy:	A0k,	w0k,	m0k,	s0k)	(Bolker,	2015).	





matic	 differences.	 In	 addition,	 it	would	be	possible	 to	 incorporate	
a	plot‐level	predictor	(e.g.,	productivity)	to	model	spatial	variability	
in	 parameters	 at	 this	 level	 (A0j ,w0j ,m0j ,s0j = f[plot	 productivity])	




Variance	 heterogeneity	 is	 expected	 in	many	 ecological	 variables	
(Benedetti‐Cecchi,	2003).	Within‐plot	LFMC	variability	was	three	times	
higher	in	shrubs	than	in	grasses	but	was	similar	between	grasses	from	






ticity	between	growth	 forms	 could	 respond	 to	differences	 in	 LFMC	
(higher	values	in	shrubs),	as	commonly	the	variances	tend	to	increase	
with	the	mean	of	the	response	variable.	However,	it	could	be	also	re‐
lated	 to	 environmental	 conditions	 such	 as	 more	 homogeneous	 soil	
water	availability	for	grasses	than	for	shrubs	(Golluscio	&	Oesterheld,	





monitoring	 from	 remote	 sensing.	 For	 instance,	 plot‐level	 informa‐
tion	should	be	prioritized	if	random‐effect	variance	was	significantly	
larger	 than	 residual	 variance	 (Schielzeth	 &	 Nakagawa,	 2013).	 Here,	
F I G U R E  5  Overall	(upper	panels)	and	plot‐level	(medium	panels)	predictions	from	the	nonlinear	mixed‐effects	model	(M1)	for	each	leaf	
type.	The	drying	rate	(lower	panels)	was	obtained	analytically	as	the	first	derivative	of	each	logistic‐type	curve.	The	x‐axis	shows	the	number	
of	days	since	the	first	measurement	(13	November	2013),	which	was	close	to	the	beginning	of	the	fire	season
     |  13ODDI et al.














































w2 31.7%	[16.4:47.0] Difference	between	ŵ	of	M. spinosum and ŵ	of	
grasses	in	the	W	site.
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